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INTRODUCTION 
Urban arterials play a critical role in the road network system as they provide the high-capacity 
network for travel within urban areas as well as the access to roadside activities. Meanwhile, 
urban arterials suffer from serious traffic safety issues. Take Florida as an example, over 51% 
of crashes have occurred on urban arterials in 2014. Substantial efforts have been made by the 
previous researchers to reveal the relationship between crash frequency on urban arterials and 
all the possible contributing factors such as roadway geometric, and traffic characteristics, etc. 
(1-4). However, these studies were conducted based on static and highly aggregated data (e.g., 
Annual Average Daily Traffic (AADT), annual crash frequency).  
Recently, an increasing number of studies investigated the crash likelihood on freeways 
by using real-time traffic and weather data (5-14). However, little research has been conducted 
on the real-time safety analysis of urban arterials (15; 16). This may be due to the substantial 
difference in the traffic flow characteristics between urban arterials and freeways. More 
specifically, the interrupted traffic flow on urban arterials is highly controlled by the traffic 
signals (17; 18), which is quite different from the free flow on freeways. Therefore, the crash 
risk on urban arterials might be associated with not only real-time traffic flow characteristics 
but also the real-time signal phasing, which has not been considered in the previous research 
(15; 16). Moreover, those pioneering studies on the real-time safety analysis of urban arterials 
were based on one-hour aggregated traffic parameters prior to crash occurrence, which is not 
really exact “real-time” as the traffic flow are likely to differ within one hour. 
Above all, this study aims to investigate the relationship between crash occurrence on 
urban arterials and real-time traffic, signal phasing, and weather characteristics by utilizing 
data from multiple sources, i.e., Bluetooth, weather, and adaptive signal control datasets. 
 
DATA PREPARATION  
A total of four datasets were used: (1) 113 crashes from March, 2017 to June, 2017 provided 
by Signal Four Analytics (S4A); (2) travel speed data collected by 23 IterisVelocity Bluetooth 
detectors; (3) signal phasing and 15-minute interval traffic volume provided by 23 adaptive 
signal controllers; (4) weather characteristics collected by the nearest airport weather station. 
All the real-time traffic data were extracted for a period of 20 minutes (divided into four 5-
minute time slices) before the time of crash occurrence. As shown in Figure 1, the composition 
of traffic volume for the upstream and downstream intersections are different. Three weather 
related variables (rainy weather indicator, visibility, and hourly precipitation) were collected 
from the nearest airport weather station, which is located at the Orlando international airport. 
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FIGURE 1 Arrangement of Bluetooth Detectors and Adaptive Signal Controller 
 
Matched case-control design was adopted in this study to create a non-crash dataset. 
Different control-to-case ratio from 1:1 to 10:1 were examined, and 8:1 was found to have the 
best model performance. Consequently, data for 8 non-crash cases for the same road segment, 
time of day, and day of week were also extracted. The final dataset included 113 crashes and 
904 non-crash cases. 
 
METHODOLOGY 
Bayesian Conditional Logistic Model 
Suppose that there are N strata with 1 crash (𝑦𝑖𝑗=1) and m non-crash cases (𝑦𝑖𝑗=0) in stratum 
i, i=1, 2, …, N. Let 𝑝𝑖𝑗 be the probability that the jth observation in the ith stratum is a crash; 
j=0, 1, 2, …, m. This crash probability could be expressed as: 
𝑦𝑖𝑗~𝐵𝑒𝑟𝑛𝑜𝑢𝑙𝑙𝑖(𝑝𝑖𝑗)                                                       (1) 
𝑙𝑜𝑔𝑖𝑡(𝑝𝑖𝑗) = 𝛼𝑖 + 𝛽1𝑋1𝑖𝑗 + 𝛽2𝑋2𝑖𝑗 +⋯+ 𝛽𝑘𝑋𝑘𝑖𝑗                                (2) 
Where 𝛼𝑖  is the intercept term for the ith stratum; 𝜷 = (𝛽1, 𝛽2, … , 𝛽𝑘)  is the vector of 
regression coefficients for k independent variables, and all the 𝜷 coefficients are set up with 
non-informative priors as following normal distributions Normal (0, 1000); 𝑿𝒊𝒋 =
(𝑋1𝑖𝑗, 𝑋2𝑖𝑗, … , 𝑋𝑘𝑖𝑗) is the vector of k independent variables. 
In order to take the stratification in the analysis of the observed data, the stratum-
specific intercept 𝛼𝑖 is considered to be nuisance parameters, and the conditional likelihood 
for the ith stratum would be expressed as (19): 
𝑙𝑖(𝜷) =
exp⁡(∑ 𝛽𝑢𝑋𝑢𝑖0
𝑘
𝑢=1 )
∑ exp⁡(∑ 𝛽𝑢𝑋𝑢𝑖𝑗
𝑘
𝑢=1 )
𝑚
𝑗=0
                                                  (3) 
And the full conditional likelihood is the product of the 𝑙𝑖(𝛽) over N strata, 
𝐿(𝜷) = ∏ 𝑙𝑖(𝜷)
𝑁
𝑖=1                                                          (4) 
Since the full conditional likelihood is independent of stratum-specific intercept 𝛼𝑖, 
thus Equation 2 cannot be used to estimate the crash probabilities. However, the 𝜷 coefficients 
can be estimated by Equation 4. These estimates are the log-odd ratios of corresponding 
variables and can be used to approximate the relative risk of a crash. Furthermore, the log-odds 
ratios can also be used to develop a prediction model under this matched case-control analysis. 
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Suppose two observation vectors 𝑿𝒊𝟏 = (𝑋1𝑖1, 𝑋2𝑖1, … , 𝑋𝑘𝑖1) and 𝑿𝒊𝟐 = (𝑋1𝑖2, 𝑋2𝑖2, … , 𝑋𝑘𝑖2) 
from the ith strata, the odds ratio of crash occurrence caused by observation vector 𝑿𝒊𝟏 
relative to observation vector 𝑿𝒊𝟐 could be calculated as: 
𝑝𝑖1/(1−𝑝𝑖1)
𝑝𝑖2/(1−𝑝𝑖2)
= exp⁡[∑ 𝛽𝑢(𝑋𝑢𝑖1
𝑘
𝑢=1 − 𝑋𝑢𝑖2)]                                       (5) 
The right hand side of Equation 5 is independent of 𝛼𝑖 and can be calculated using the 
estimated 𝜷 coefficients. Thus, the above relative odds ratio may be utilized for predicting 
crash occurrences by replacing 𝑿𝒊𝟐 with the vector of the independent variables in the ith 
stratum of non-crash cases. Let ?̅?𝒊 = (?̅?1𝑖, ?̅?2𝑖, … , ?̅?𝑘𝑖) denote the vector of mean values of 
non-crash cases of the k variables within the ith stratum. Then the odds ratio of a crash relative 
to the non-crash cases in the ith stratum may be approximated by: 
𝑝𝑖1/(1−𝑝𝑖1)
𝑝?̅?/(1−𝑝?̅?)
= exp⁡[∑ 𝛽𝑢(𝑋𝑢𝑖1
𝑘
𝑢=1 − ?̅?𝑢𝑖)]                                       (6) 
 
Bayesian Inference and Model Comparisons 
Full Bayesian inference was employed in this study. The Deviance Information Criterion (DIC) 
can be used to compare complex models by offering a Bayesian measure of model fitting and 
complexity (20). DIC is defined as outlined in Equation 12: 
𝐷𝐼𝐶 = 𝐷(𝜃)̅̅ ̅̅ ̅̅ ̅ + 𝑝𝐷                                           (11) 
Where 𝐷(𝜃) is the Bayesian deviance of the estimated parameter, and 𝐷(𝜃)̅̅ ̅̅ ̅̅ ̅ is the 
posterior mean of 𝐷(𝜃). 𝐷(𝜃)̅̅ ̅̅ ̅̅ ̅ can be viewed as a measure of model fit, while 𝑝𝐷 denotes 
the effective number of parameters and indicates the complexity of the models. 
For the model goodness-of-fit, AUC, which is area under Receiver Operating 
Characteristic (ROC) curve was also adopted. It is worth noting that the classification result of 
Bayesian conditional logistic model are based on the predicted odds ratio, which may be larger 
than 1. In order to be comparable with other models, all the predicted odds ratios were divided 
by the maximum odds ratio to create normalized odds ratios. Later on, the normalized odds 
ratios were used to create the classification result based on different threshold from 0 to 1. 
 
MODELING RESULTS 
Since all the traffic parameters during time slices 3 and 4 were insignificant, and the rainy 
weather indicators are identical in the four datasets, thus only three models were presented in 
Table 2. 
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TABLE 1 Model Results of Bayesian Conditional Logistic Regression Models based on 
Different Time Slices 
Parameter 
Time Slice 1 (0-5 minute) Time Slice 2 (5-10 minute) 
Time Slice 3 (10-15 
minute) 
Mean (95% BCI) 
Hazard 
Ratio 
Mean (95% BCI) 
Hazard 
Ratio 
Mean (95% BCI) 
Hazard 
Ratio 
Avg_speed 
-0.056  
(-0.084, -0.029) 
0.946 
-0.028  
(-0.058, 0.004)* 
0.972 - - 
Up_Vol - 
 
0.008 
(-0.001, 0.017)* 
1.008 - - 
Rainy 
0.799  
(-0.048, 1.582)* 
2.223 
0.751  
(-0.015, 1.519)* 2.119 
0.815  
(0.041, 1.551) 
2.258 
AUC 0.607 0.572 0.515 
Note: Mean (95% BCI) values marked in bold are significant at the 0.05 level; Mean (95% BCI) values 
marked in bold and noted by * are significant at the 0.1 level. 
 
As presented in Table 1, the model comparison results based on AUC values indicate 
that the slice 1 model (0-5 minute interval) performs the best, followed by the slice 2 (5-10 
minute interval) model. On the other hand, slice 2 model performs the best in terms of the 
number of significant variables. Finally, the slice 2 model was selected to conduct further 
interpretation and model comparison. 
Based on the estimation results of the slice 2 model, three variables were found to be 
significantly associated with the crash occurrence on urban arterials: (1) the negative 
coefficient (-0.028) of average speed indicates that higher average speed tends to decrease the 
crash risk, which is consistent with other studies (6; 7; 21-25). The odds ratio of 0.972 means 
that one-unit increase in the average speed would decrease the odds of crash occurrence by 
2.8%; (2) upstream volume was found to be positively correlated with crash likelihood, and the 
odd ratio of 1.008 indicates that one-unit increase in upstream volume would lead to an increase 
of 0.8% in the odds of crash occurrence; (3) rainy weather indicator also has a positive 
coefficient, the odd ratio of 2.119 means that odds of crash occurrence under rainy condition is 
111.9% higher than normal conditions, which is in line with previous studies (7; 10).  
Furthermore, both Bayesian logistic model and Bayesian random effect logistic model 
were developed based on time slice 2 dataset, the model comparison results are as shown in 
Table 2. Based on the DIC and AUC values, it is obvious to conclude that the Bayesian 
conditional logistic model performs much better than the other two models.
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TABLE 2 Model Comparison Results based on Time Slice 2 
Parameter 
Bayesian conditional 
logistic model 
Bayesian logistic model 
Bayesian random effect 
logistic model 
Mean (95% BCI) 
Hazard 
Ratio 
Mean (95% BCI) 
Hazard 
Ratio 
Mean (95% BCI) 
Hazard 
Ratio 
Intercept - - 
-2.021 
(-2.717, -1.375) 
- 
-2.044 
(-2.728, -1.342) 
- 
Avg_speed 
-0.028  
(-0.058, 0.004)* 
0.972 
-0.011 
(-0.030, 0.007) 
0.989 
-0.011 
(-0.030, 0.008) 
0.989 
Up_Vol 
0.008 
(-0.001, 0.017)* 
1.008 
0.002 
(-0.002, 0.006) 
1.002 
0.002 
(-0.002, 0.006) 
1.002 
Rainy 
0.751  
(-0.015, 1.519)* 
2.119 
0.667 
(-0.066, 1.397)* 
1.949 
0.648 
(-0.067, 1.387)* 
1.912 
Random 
effect (tau) 
- - - - 393.5 - 
DIC 491.418 711.433 713.239 
AUC 0.572 0.562 0.562 
Note: Mean (95% BCI) values marked in bold are significant at the 0.05 level; Mean (95% BCI) values 
marked in bold and noted by * are significant at the 0.1 level. 
 
CONCLUSION AND DISCUSSION 
The results of the slice 2 model indicate that the average speed, upstream volume, and rainy 
weather indicator are significantly associated with the crash risk on urban arterials. In general, 
these finding are consistent with previous studies, in which the average speed was found to 
have significant negative impact on crash occurrence (6; 7; 21-25), while upstream volume (23; 
25; 26) and adverse weather (7; 10) were found to be positively correlated with crash risk. 
Surprisingly, the coefficient of variation in speed is insignificant, this could be explained in 
that the average number of vehicles detected by the Bluetooth detector within 5-minute interval 
is about 6, which might be too small to capture the variation in speed.  
Compared with the previous study on the real-time safety analysis of urban arterials 
(27), which found that the 1 hour variation in both occupancy and volume were significantly 
associated with crash likelihood, which is quite different from our study. This might be because 
the 1 hour aggregated traffic parameters can hardly represent the actual short-term traffic status 
such as speed and volume prior to crash occurrence, while it can capture the variation in traffic 
flow. This comparison implies that the traffic parameters should be aggregated based on more 
appropriate time interval, which can not only represent the short-term traffic status but also 
capture the variation in traffic flow.   
Furthermore, the model comparison results indicate that the Bayesian conditional 
logistic model performs much better than the other two models, which means Bayesian 
conditional logistic model is more preferable in the context of the matched case-control dataset. 
The AUC value of 0.572 implies that the model is still hard to be applied to the arterial traffic 
management system, however, the estimation results provide profound insights for traffic 
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engineers to understand the relationship between crash risk and real-time traffic characteristics 
and weather conditions. In future studies, more advanced machine learning techniques could 
be applied to improve the predictive performance. 
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